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Abstract. Forestry management makes great use of statistics concerning the in-
dividual trees making up a forest, but the acquisition of this information is ex-
pensive. Image processing can potentially both reduce this cost and improve the
statistics. The key problem is the delineation of tree crowns in aerial images. The
automatic solution of this problem requires considerable prior information to be
built into the image and region models. Our previous work has focused on includ-
ing shape information in the region model; in this paper we examine the image
model. The aerial images involved have three bands. We study the statistics of
these bands, and construct both multispectral and single band image models. We
combine these with a higher-order active contour model of a ‘gas of circles’ in
order to include prior shape information about the region occupied by the tree
crowns in the image domain. We compare the results produced by these models
on real aerial images and conclude that multiple bands improves the quality of
the segmentation. The model has many other potential applications, e.g. to nano-
technology, microbiology, physics, and medical imaging.
1 Introduction
Successful forestry management depends on knowledge of a number of statistics con-
nected to forest structure. Among these are the number and density of trees in a forest,
their average size, and changes in these quantities over time. High-resolution remote
sensing images, and in particular colour infrared (CIR) aerial images, can facilitate the
acquisition of these statistics by providing images from which tree crowns can be iden-
tified and counted, and their areas and shapes analysed. The task of manually extracting
this information from aerial images, or worse, measuring the statistics in the field, is,
however, labour intensive, which limits the extent to which it can be used. Typically,
information can be extracted at tree stand resolution but not below, simply due to the
time and cost involved. Image processing methods capable of extracting the same in-
formation automatically would therefore be of great use.
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The problem of inferring automatically the region in the image domain correspond-
ing to tree crowns given the image data is, however, not simple to solve. Like all infer-
ence problems, it can be phrased probabilistically. The quantity of interest in P(R|I,K),
the probability that region R in the image domain corresponds to tree crowns given the
image data I and any prior knowledge K we may choose to include. This is propor-
tional to P(I|R,K)P(R|K), and thus we must construct models of the image to be
expected given knowledge of where the tree crowns are, and of the possible regions
corresponding to tree crowns in the absence of the data. We discuss the latter first.
It might be thought that the region model P(R|K) could be rather generic, but this
turns out not to be the case. Trees are not always easily distinguished from the back-
ground using the data alone, and so a prior model of R that incorporates enough knowl-
edge to disambiguate these situations is required. Fortunately, we have a great deal of
prior knowledge about the type of region to be expected. In this paper, we will focus
on plantations, that is, collections of trees that do not often overlap and that are of the
same species and roughly the same age. In this case, which is of great importance in
practice, the region corresponding to tree crowns will consist of an unknown number
of connected components corresponding to different trees, each connected component
being a circular shape with a certain radius. Horva´th et al. [1, 2] addressed the extrac-
tion of tree crowns from CIR images. They constructed a model of such regions, called
the ‘gas of circles’ model, using the higher-order active contour framework proposed
in [3]. In this paper we use the same prior model.
Horva´th et al. [1, 2] also described a data model. This model described the be-
haviour of only one band of the three available bands in the CIR images. The model
was Gaussian, with the values at different pixels independent, and with different means
and variances for tree crowns and the background. While successful, this model, even
with the strong region prior, was not capable of extracting accurately the borders of
all trees. Some trees were simply too similar to the background. The purpose of this
paper is to construct a new data model that makes use of all three bands in the CIR
images. We study the improvement or otherwise of the extraction results produced by
modelling the three bands as independent or as correlated. As we will see, even at the
level of maximum likelihood, the inclusion of ‘colour’ information, and in particular,
interband correlations, can improve the results, and in conjunction with the region prior,
the full model is considerably better than that based on one band alone.
In the next subsection 1.1, we briefly review previous work on tree crown extraction
and on region modelling. Then in section 2, we recall notions of higher-order active
contours and describe the ‘gas of circles’ model, with the emphasis on a method to fix
all but one of its parameters. In section 3, we study four possible ‘colour’ data models
and compare them. In section 4, we describe the gradient descent algorithm used to
minimize the full active contour energy. In section 5, we show experimental results on
CIR images. In section 6, we sum up.
1.1 Previous work
The problem of delineating, locating or counting individual trees in high resolution
aerial images has been studied in several papers. Different approaches have been pro-
posed based on template matching [4], collections of rules [5], contours [6, 7], math-
ematical morphology [8] and stochastic geometry [9]. Although the input to many of
these approaches consists of multispectral images, usually only the infrared band is
used for tree crown extraction. One way to use the multispectral information is through
spectral signatures of various types, thoroughly reviewed and compared in [10]. For
example, ‘tree colour lines’ approximate the cigar-shaped distribution of tree crown
pixels in ‘colour space’ by a line. In this paper we study probabilistic models, based on
multispectral histograms and Gaussian distributions.
Previous work on region modelling, for example [11–14], is in general not suitable
for the tree crown extraction problem. This is because it focuses on small variations
of a region around a small number (usually one) of template regions. This means that
regions with high probability lie in a bounded subset of the space of regions close to
the template(s). The regions corresponding to tree crowns have an unknown number of
connected components, and hence cannot easily be described by such approaches.
‘Higher-order active contours’ (HOACs) [3] provide a complementary approach. In
active contour models, higher-order or not, a region R is represented by its boundary
∂R. P(R|I,K) is constructed implicitly, via an energy functional E(∂R) = Eg(∂R)+
Ei(∂R, I), where Eg and Ei correspond to prior and likelihood. In classical active con-
tours[15], Eg is constructed from single integrals over the boundary or region. Eu-
clidean invariance then requires that Eg be a linear combination of the length of the
boundary and the area of the region, since these are the only Euclidean invariant ener-
gies that can be constructed using single integrals over the boundary if the curvature is
not used. Thus these energies incorporate only local differential-geometric information.
HOACs generalize these classical energies to include multiple integrals over ∂R. Thus
HOAC energies explicitly include long-range interactions between tuples of boundary
points without the use of a template, which allows the inclusion of sophisticated prior
knowledge while permitting the region to have an arbitrary number of connected com-
ponents, which furthermore may interact amongst themselves. Euclidean invariance is
intrinsic, with no pose estimation required. The approach is very general: classical en-
ergies are linear functionals on the space of regions; HOAC energies include all polyno-
mial functionals. Rochery et al. [3] applied HOACs to road network extraction, while
Horva´th et al. [1, 2] extended the model to describe a ‘gas of circles’, and applied it to
tree crown extraction. We describe this model in the next section.
2 The ‘gas of circles’ model
HOAC energies generalize classical active contour energies by including multiple inte-
grals over the contour. The simplest such generalizations are quadratic energies, which
contains double integrals. There are several forms that such multiple integrals can take,
depending on whether or not they take into account contour direction at the interacting
points. The Euclidean invariant version of one of these forms is [3]
Eg(γ) = λL(γ) + αA(γ)− β2
∫∫
dp dp′ t(p) · t(p′) Ψ(r(p, p′)) , (1)
where γ is the contour, a representative map in the equivalence class of embeddings
representing ∂R, and therebyR; p and p′ are parameters for γ; L is the length of ∂R;A
Fig. 1. Gradient descent evolution using Eg alone, from initial (left) to final, stable (right) state
(r0 = 5, α = 2, β = 1.69 and d = 5).
is the area of R; r(p, p′) = |γ(p) − γ(p′)|; t = γ˙ is the (unnormalized) tangent vector
to the contour; and Ψ is an interaction function that determines the geometric content
of the model. With an appropriate choice of interaction function Ψ , the quadratic term
creates a repulsion between antiparallel tangent vectors. This has two effects. First, for
particular ranges of α, β, and d (λ = 1 wlog), circular structures, with a radius r0 de-
pendent on the parameter values, are stable to perturbations of their boundary. Second,
such circles repel one another if they approach closer than 2d. Regions consisting of
collections of circles of radius r0 separated by distances greater than 2d are thus local
energy minima. The model with parameters in the appropriate ranges is called the ‘gas
of circles’ model [1].
Via a stability analysis, Horva´th et al. [1] found the ranges of parameter values
rendering circles of a given radius stable as functions of the desired radius. Stability,
however, created its own problems, as circles sometimes formed in places where there
was no supportive data. To overcome this problem, in [2], the criterion that circles of a
given radius be local energy minima was replaced by the criterion that they be points
of inflexion. As well as curing the problem of ‘phantom’ circles, this revised criterion
allowed the fixing of the parameters α, β, and d as functions of the desired circle ra-
dius, leaving only the overall strength of the prior term, λ, unknown. For energy-based
models, parameter adjustment is a problem, so this is a welcome advance.
To illustrate the behaviour of the prior model, figure 1 shows the result of gradient
descent starting from the region on the left. Note that there is no data term. The param-
eter values in these experiments render the circles involved stable. With the parameter
values calculated in [2], they would disappear.
3 Aerial images and image models
The previous section described the prior model of regions that we will use. In this
section, we examine the data, and study data models that use all three bands of the
CIR image data. The wavelength of the three bands are between 520nm and 900nm
approximately, with shifted colour bands used to add false colour to the images. Notice
that the blue band in the images corresponds to green in reality, green to red, and red to
photographic or very near infrared (700–900nm).
Figure 2(a) shows a typical CIR aerial image falsely coloured for display purposes.
It is of a poplar stand. Figure 2(b) shows the infrared band of the image. To see how
colour can help, note that the bright pixels in the spaces between the trees are light grey
(a) (b) (c) (d) (e)
Fig. 2. (a): typical CIR aerial image of a poplar plantation; (b): greyscale version of the image;
(c): ground truth used for statistics; (d): another CIR image; (e): corresponding ground truth.
Images c©French National Forest Inventory (IFN).
in the colour image, while the trees are red. In the greyscale image, they have roughly
the same intensity, making separation of trees and background difficult. Although the
prior model helps to disambiguate these situations, it is not always successful, and it
makes sense to consider a data model that uses the available information to the full.
We want to construct a data model for the observed CIR image, given that region
R corresponds to tree crowns. We can divide the image I (a three-component quantity)
into two pieces, IR and IR¯ corresponding to the tree crowns and the background. Then
we have that P(I|R,K) = P(IR, IR¯|R,K). Without further information, IR and IR¯ are
not independent given R: illumination for example will link them together. However,
we may introduce parameters for the two regions, θR and θR¯, so that the two pieces of
the image become independent given these parameters. We note that the size of the tree
crowns (∼10 pixels), coupled with the resolution of the image, does not allow the def-
inition of meaningful texture features. Thus we will assume, without real justification,
that the image values at different pixels are independent. Refinements to this assump-
tion, for example, tree crown profiles, will be considered in future work. The data model
then takes the form
P(I|R, θR, θR¯,K) =
∏
x∈R
P(IR(x)|θR,K)
∏
x∈R¯
P(IR¯(x)|θR¯,K) .
To help us design the model for individual pixels, we examine the statistics of the
pixel values in the different bands. Figure 3 shows histograms of the pixel values in
figure 2(a) for all three bands, separated into tree crown and background based on a
manual labelling shown on figure 2(c). As expected, the infrared band shows the largest
separation. Can adding the other two bands help?
To test this idea, we performed four different types of maximum likelihood classi-
fication, based on four different estimates of the probability distributions for individual
pixels of each class. Two of these estimates use raw histograms with different bin sizes.
Of these, one is constructed as a product of the individual histograms for each band
(independent bands), called HI for short, while the other uses the colour histogram
(HC). The other two estimates use Gaussian models, either with covariances diagonal
in colour space (independent bands), called GI, or with full covariances (G3D). The
models parameters were learned from figure 2(a) and figure 2(d) based on the manual
labelling. The resulting models were then used to classify the image in figure 2(a).
Fig. 3. Histograms of pixel values in the three bands of figure 2(a), based on the manual labelling
shown in figure 2(c). Green is background; blue is tree crown.
The results of maximum likelihood classification on the same image are shown in
figure 4. The images have four different colours: black and dark grey correspond to
correct classification of background and tree crowns respectively, while light grey and
white correspond to incorrect classifications in which tree crowns were classified as
background and vice-versa respectively. Table 1 left shows the resulting classification
error rates.
(HI, n = 64) (HI, n = 128) (HC, n = 64)
(HC, n = 128) (GI) (G3D)
Fig. 4. Maximum likelihood classifications of figure 2(a) using the different models trained on
the same image.
Naturally, the results using HC are almost perfect. The number of bins is very large,
and this means that there are unlikely to be more than one or two pixels in each bin. Con-
sequently, any given pixel is very likely to have zero probability to be in the incorrect
class. Equally clearly, the results using HI are poor: the different bands are not inde-
pendent. This is confirmed by the result for GI. G3D, however, produces a reasonable
performance, second only to the HC results. Bearing in mind that G3D has 3 + 6 = 9
parameters, while HC has the same number of parameters as bins, this is encouraging.
(HI, n = 64) (HI, n = 128) (HC, n = 64)
(HC, n = 128) (GI) (G3D)
Fig. 5. The same classification trained on figure 2(d).
These conclusions are confirmed by the label images, which clearly show the inferior
classifications produced by the models with independent bands.
To test the generalization ability of the models, we used a different image to learn
the model parameters, and used them to classify figure 2(a). The new training image
is figure 2(d), along with a manual labelling. Figure 5 shows the results, while table 1
right shows the error rates.
Method B→F F→B error (%)
HI (64 bins) 446 404 9.64
HI (128 bins) 446 399 9.58
HC (643 bins) 121 214 3.8
HC (1283 bins) 19 97 1.32
GI 470 426 10.16
G3D 256 328 6.62
Method B→F F→B error (%)
HI (64 bins) 748 242 11.22
HI (128 bins) 752 253 11.39
HC (643 bins) 1028 490 17.21
HC (1283 bins) 1747 1277 34.52
GI 1106 123 13.93
G3D 841 85 10.5
Table 1. Error rates for the maximum likelihood classification of figure 2(a), using models trained
on the same image (left) and on figure 2(d) (right).
It is not a surprise that the error rates are larger. The histogram-based methods do
not generalize well, and produce more errors than both Gaussian models. The Gaussian
results are naturally not as good as in the previous test, but are adequate in the absence
of a prior energy. The model with dependent bands performs considerably better than
the independent band model in both cases. In particular, the independent band models,
whether histogram-based or Gaussian, consistently confuse certain types of inter-tree
background with the tree crown foreground.
4 Data model and energy minimization
Our full energy functional for tree crown extraction is a combination of the energy
associated to the likelihood, Ei(γ, I) = − lnP(I|R, θR, θR¯,K), and the HOAC ‘gas of
circles’ prior geometric term Eg given in equation (1): E(γ, I) = Eg(γ) +Ei(γ, I). In
the last section, we established that the Gaussian model with full covariance provides
the best compromise between precision and generalization. In this section, we describe
this data term and how we minimize the full energy E.
The parameters of Ei are learnt from samples of each class using maximum likeli-
hood, and then fixed. We denote the mean vectors inside and outside as Min and Mout
and the covariance matrices Σin and Σout. We define the energy as we wrote above
E(γ) = Eg(γ)−
∫
R
dp ln
[
det−1/2(Σin/2pi)e−
1
2 (I(p)−Min)TΣ−1in (I(p)−Min)
]
−
∫
R¯
dp ln
[
det−1/2(Σout/2pi)e−
1
2 (I(p)−Mout)TΣ−1out (I(p)−Mout)
]
.
The energy is minimized using gradient descent. The descent equation is
nˆ · ∂γ
∂t
(p) = −λκ(p)−
[
α+
1
2
ln
( det(Σin)
det(Σout)
)]
+β
∫
dp′ rˆ(p, p′) ·n(p′) Ψ˙(r(p, p′))
− 1
2
{
(I(p)−Min)TΣ−1in (I(p)−Min)− (I(p)−Mout)TΣ−1out (I(p)−Mout)
}
,
where κ is the curvature of the contour, a dot indicates derivative, r(p, p′) = γ(p) −
γ(p′), and rˆ = r/r. To evolve the contour we use the level set framework [16] extended
to cope with the nonlocal forces arising from higher-order active contours [3].
5 Experimental results
We tested the new approach on CIR aerial images of poplar stands located in the Saoˆne
et Loire region in France, provided by the French National Forest Inventory (IFN). We
compare three models: the new model, which uses the multispectral data term with the
‘gas of circles’ prior; the model in [2], which uses only the infrared band of the CIR
image with the ‘gas of circles’ prior; and a classical active contour model, which uses
the multispectral data model, but only the length and area terms ofEg, i.e. β = 0. There
is thus no prior shape information in this third model. In all experiments, the contour
was initialized to a rounded rectangle slightly larger than the image domain.
Figure 6(a), (b), and (c) show the results obtained on the image shown in figure 2(a),
using the new model, the model in [2], and the classical active contour model respec-
tively. The new model is the most successful, separating trees that are not separated by
the other models.
Figure 6(d), (e) and (f) show the results obtained on the image shown in figure 2(d).
None of the results is perfect, all the models failing to separate some trees, but the new
model detects several trees that are not detected by the model in [2]. The classical active
(a) (b) (c)
(d) (e) (f)
Fig. 6. Top row: results obtained on the image shown in figure 2(a), using the new model (a), the
single band model of [2] (b), and the classical active contour model combined with the multi-
spectral data term (c). Bottom row: results obtained on the image shown in figure 2(d), using the
new model (d), the single band model of [2] (e), and the classical active contour model (f). In (a),
(b), (d), and (e), the stable radius was set to r0 = 2.5. c©French National Forest Inventory (IFN)
contour model was not be able to separate all the crowns, and found a large connected
area at the bottom right, due to the missing prior shape information.
Figure 7(a) shows a difficult image with a field at the top, and strong shadowing.
The result with the new model, shown in figure 7(b), is good, detecting all the trees and
ignoring the field and shadows. The result with the model of [2], shown in figure 7(c),
is not as good. Some trees are missed, but more importantly, the fact that the field has a
similar IR response to the tree crowns means that a large incorrect region is produced.
The result with the classical active contour model, shown in figure 7(d), avoids this error
thanks to the multispectral information, but the lack of prior shape information means
that some trees are merged.
Figure 7(e) shows a different type of image, of isolated trees in fields. The result
with the new model, shown in figure 7(f), is correct, ignoring the field, for example. The
result with the model of [2] is not as good, with one large false positive, and smaller
errors on each of the detected trees, due to confusion between the field and parts of the
road and the tree crowns(figure 7(g)). Figure 7(h) shows the result obtained using the
multispectral data term combined a classical active contour model. The result is almost
as good as the new model, except that the contours are slightly less smooth, and there is
a small false positive area in the upper right corner, which was not detected by the new
model, presumably because it is not circular.
Figure 8(a) shows another CIR image with fields and some sparse trees. It is a
difficult image, because some of the fields have a similar colour to the trees. The result
with the new model, shown in figure 8(b), is good, detecting all the trees, and only
merging two of them. The result with the model of [2], shown in figure 8(c), is not as
(a) (b) (c) (d)
(e) (f) (g) (h)
Fig. 7. Top row: (a), a CIR image; (b), result with the new model; (c), result with the model
of [2] (stable radius r0 = 2.5); (d), result with classical active contour model combined with
the multispectral data term. Bottom row: (e), a CIR image; (f), result with new model; (g), result
with model of [2] (stable radius r0 = 7.0); (h), result with classical active contour model (β = 0)
combined with the multispectral data term. c©French National Forest Inventory (IFN)
good. The greyscale level between some of the trees is too similar to the tree crowns to
be separated, despite the prior shape information, meaning that several trees are merged.
In addition, some non-tree objects were detected as tree crowns, again due to similarity
of grey scale. The result obtained with the classical active contour and multispectral
data model is slightly better, but due to the missing prior shape information several tree
crowns are merged and a small non-tree area was detected.
6 Conclusion
We have presented a new higher-order active contour (HOAC) model for tree crown ex-
traction from colour infrared (CIR) aerial images. The new data term takes into account
the multispectral nature of the data, in contrast to almost all previous work. The inter-
band correlations are modelled using a full covariance Gaussian distribution. The prior
term is a HOAC model of a ‘gas of circles’, modelling regions consisting of a number of
circles of approximately a given radius. Experimental results show that the new model
outperforms both a model with the same prior shape information, but which uses only
the IR band of the data (the model of [1, 2]), and models with the same multispectral
data term, but including less prior shape information, to wit, a classical active contour
model and maximum likelihood.
(a) (b)
(c) (d)
Fig. 8. (a), a CIR image; (b), result with the new model; (c), result with the model of [2] (stable
radius r0 = 4.0); (d), result with classical active contour model (β = 0) combined with the
multispectral data term. c©French National Forest Inventory (IFN)
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